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Red Wines Dataset Script (Dataset Analysis And Multiple 

Linear Regression) 
 

# WE DOWNLOAD THE APPROPRIATE PACKAGES 

install.packages("ggplot2") 

library(ggplot2) 

install.packages("psych") 

library(psych) 

install.packages("PerformanceAnalytics") 

library(PerformanceAnalytics) 

install.packages("corrplot") 

library(corrplot) 

install.packages("FactoMineR") 

library(FactoMineR) 

install.packages("lmtest") 

library(lmtest) 

install.packages("normtest") 

library(normtest) 

install.packages("nortest") 

library(nortest) 

install.packages("car") 

library(car) 

install.packages("dgof") 

library(dgof) 

install.packages("bestNormalize")  

library(bestNormalize) 

install.packages("leaps") 

library(leaps) 

install.packages("car") 

library(car) 

install.packages("lmtest") 

library(lmtest) 

install.packages("MLmetrics") 

library(MLmetrics) 

install.packages("caret") 

library(caret) 

# WE IMPORT THE DATASETS 

mydatasetred1 <- read.csv("winequality-red.csv", sep = ";", dec = 

".", header = T) 

summary(mydatasetred1) 

View(mydatasetred1) 

str(mydatasetred1) 

# WE MAKE THE GRAPHICAL ANALYSIS OF THE DATASETS 

# WITH HISTOGRAMS 

qplot(mydatasetred1$quality, geom="histogram", binwidth = 1,main = 

"Quality", 

xlab = "scores", ylab = "observations", fill=I("blue"), 

col=I("red"),alpha=I(.2),) 

qplot(mydatasetred1$fixed.acidity, geom="histogram", binwidth = 

1,main = "Fixed Acidity", 

xlab = "scores", ylab = "observations", fill=I("blue"), 

col=I("red"),alpha=I(.2),) 

qplot(mydatasetred1$volatile.acidity, geom="histogram", binwidth = 

0.1,main = "Volatile Acidity", 

xlab = "scores", ylab = "observations", fill=I("blue"), 

col=I("red"),alpha=I(.2),) 
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qplot(mydatasetred1$citric.acid, geom="histogram", binwidth = 

0.1,main = "Citric Acid", 

xlab = "scores", ylab = "observations", fill=I("blue"), 

col=I("red"),alpha=I(.2),) 

qplot(mydatasetred1$residual.sugar, geom="histogram", binwidth = 

1,main = "Residual Sugar", 

xlab = "scores", ylab = "observations", fill=I("blue"), 

col=I("red"),alpha=I(.2),) 

qplot(mydatasetred1$chlorides, geom="histogram", binwidth = 0.03,main 

= "Chlorides", 

xlab = "scores", ylab = "observations", fill=I("blue"), 

col=I("red"),alpha=I(.2),) 

qplot(mydatasetred1$free.sulfur.dioxide, geom="histogram", binwidth = 

3,main = "Free Sulfur Dioxide", 

xlab = "scores", ylab = "observations", fill=I("blue"), 

col=I("red"),alpha=I(.2),) 

qplot(mydatasetred1$total.sulfur.dioxide, geom="histogram", binwidth 

= 10,main = "Total Sulfur Dioxide", 

xlab = "scores", ylab = "observations", fill=I("blue"), 

col=I("red"),alpha=I(.2),) 

qplot(mydatasetred1$density, geom="histogram", binwidth = 0.001,main 

= "Density", 

xlab = "scores", ylab = "observations", fill=I("blue"), 

col=I("red"),alpha=I(.2),) 

qplot(mydatasetred1$pH, geom="histogram", binwidth = 0.1,main = "PH", 

xlab = "scores",ylab = "observations",fill=I("blue"), 

col=I("red"),alpha=I(.2),) 

qplot(mydatasetred1$sulphates, geom="histogram", binwidth = 0.1,main 

= "Sulphates", 

xlab = "scores", ylab = "observations", fill=I("blue"), 

col=I("red"),alpha=I(.2),) 

qplot(mydatasetred1$alcohol, geom="histogram", binwidth = 0.5,main = 

"Alcohol", 

xlab = "scores", ylab = "observations", fill=I("blue"), 

col=I("red"),alpha=I(.2),) 

# WITH BOXPLOTS 

par(mfrow = c(1,2)) 

boxplot(mydatasetred1$fixed.acidity, main = "Fixed Acidity", 

horizontal = T,  xlab= "observations", col = c("red")) 

summary(mydatasetred1$fixed.acidity) 

boxplot(mydatasetred1$volatile.acidity, main = "Volatile 

Acidity",horizontal = T,  xlab= "observations", col = c("red") ) 

summary(mydatasetred1$volatile.acidity) 

boxplot(mydatasetred1$citric.acid, main = "Citric Acid", horizontal = 

T,  xlab= "observations", col = c("red")) 

summary(mydatasetred1$citric.acid) 

boxplot(mydatasetred1$residual.sugar, main = "Residual Sugar", 

horizontal = T,  xlab= "observations", col = c("red")) 

summary(mydatasetred1$residual.sugar) 

boxplot(mydatasetred1$chlorides, main = "Chlorides", horizontal = T,  

xlab= "observations", col = c("red")) 

summary(mydatasetred1$chlorides) 

boxplot(mydatasetred1$free.sulfur.dioxide, main = "Free Sulfur 

Dioxide", horizontal = T,  xlab= "observations", col = c("red")) 

summary(mydatasetred1$free.sulfur.dioxide) 

boxplot(mydatasetred1$total.sulfur.dioxide, main = "Total Sulfur 

Dioxide", horizontal = T,  xlab= "observations", col = c("red")) 

summary(mydatasetred1$total.sulfur.dioxide) 

boxplot(mydatasetred1$density, main = "Density", horizontal = T,  

xlab= "observations", col = c("red")) 
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summary(mydatasetred1$density) 

boxplot(mydatasetred1$pH, main = "PH", horizontal = T,  xlab= 

"observations", col = c("red")) 

summary(mydatasetred1$pH) 

boxplot(mydatasetred1$sulphates, main = "Sulphates", horizontal = T,  

xlab= "observations", col = c("red")) 

summary(mydatasetred1$sulphates) 

boxplot(mydatasetred1$alcohol, main = "Alcohol", horizontal = T,  

xlab= "observations", col = c("red")) 

summary(mydatasetred1$alcohol) 

boxplot(mydatasetred1$quality, main = "Quality", horizontal = T,  

xlab= "observations", col = c("red")) 

summary(mydatasetred1$quality) 

# WE FIND THE OUTLIERS OF EACH VARIABLE 

boxplot.stats(mydatasetred1$fixed.acidity) # 50 outliers (3%) 

boxplot.stats(mydatasetred1$volatile.acidity) # 20 outliers (1.2%) 

boxplot.stats(mydatasetred1$citric.acid) # 1 outlier (0%) 

boxplot.stats(mydatasetred1$residual.sugar) #156 outliers (9%) 

boxplot.stats(mydatasetred1$chlorides) #113 outliers (7%) 

boxplot.stats(mydatasetred1$free.sulfur.dioxide) #30 outliers (1.8%) 

boxplot.stats(mydatasetred1$total.sulfur.dioxide) #56 outliers (3.6%) 

boxplot.stats(mydatasetred1$density) #46 outliers (2.8%) 

boxplot.stats(mydatasetred1$pH) #36 outliers (2.2%) 

boxplot.stats(mydatasetred1$sulphates) #60 outliers (3.7%) 

boxplot.stats(mydatasetred1$alcohol) #14 outliers (0.8%) 

boxplot.stats(mydatasetred1$quality) #28 outliers (1.7%) 

# WE CHECK FOR CORRELATION 

par(mfrow = c(1,1)) 

mycor<- round(cor(mydatasetred1), 3) 

mycor 

mydatasetred1a <- mydatasetred1[ ,c(1,2,3,4,5,6,12)] 

mydatasetred1b <- mydatasetred1[ ,c(7,8,9,10,11,12)] 

pairs(mydatasetred1a) #1st WAY  

pairs(mydatasetred1b) #1st WAY  

pairs.panels(mydatasetred1a)#2nd WAY 

pairs.panels(mydatasetred1b)#2nd WAY 

chart.Correlation(mydatasetred1a, histogram = T, pch = 19) #3rd WAY 

chart.Correlation(mydatasetred1b, histogram = T, pch = 19) #3rd WAY 

mycor<- cor(mydatasetred1) #4th WAY 

corrplot(mycor, type = "upper", method = "pie") 

plot_matrix <- function(matrix_toplot){ 

corrplot.mixed(matrix_toplot, 

order = "original",  

                  tl.col='black', tl.cex=.50) 

} 

plot_matrix(cor(mydatasetred1)) #5th WAY 

# PCA 

res.pca <- PCA(mydatasetred1, graph = T); res.pca 

# WE BUILD A SIMPLE REGRESSION BETWEEN QUALITY AND ALCOHOL 

simpleregred<- lm(mydatasetred1$quality ~ mydatasetred1$alcohol) 

summary(simpleregred) 

plot(mydatasetred1$quality ~ mydatasetred1$alcohol, main = "Quality ~ 

Alcohol", xlab = "Alcohol", ylab = "Quality", col = c("red")) 

# WE CHECK FOR THE SIMPLE REGRESSION ASSUMPTIONS 

# No1 WE CHECK FOR LINEARITY 

plot(simpleregred$residuals, xlab = "Alcohol", main = "Simple 

Regression Residuals") 

# No2 WE CHECK FOR HOMOSCEDASTICITY 

bptest(simpleregred)#P.VALUE < 0.05 SO WE HAVE HETEROSCEDASTICITY 

# No3 WE CHECK FOR CORRELATION BETWEEN X VARIABLE AND THE RESIDUALS 
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cor.test(mydatasetred1$alcohol, simpleregred$residuals) 

# No4 WE CHECK FOR NORMALITY IN THE RESIDUALS 

qplot(simpleregred$residuals, geom="histogram", binwidth = 0.2,main = 

"Residuals", 

xlab = "scores",fill=I("blue"), col=I("red"),alpha=I(.2),) 

boxplot(simpleregred$residuals, main = "residuals", horizontal = T,  

xlab= "observations", col = c("red") ) 

boxplot.stats(simpleregred$residuals) 

qqnorm(simpleregred$residuals) 

qqline(simpleregred$residuals) 

shapiro.test(simpleregred$residuals) #p.value < 0.05 SO WE DONT HAVE 

NORMALITY IN THE RESIDUALS 

jb.norm.test(simpleregred$residuals) #p.value < 0.05 SO WE DONT HAVE 

NORMALITY IN THE RESIDUALS 

ad.test(simpleregred$residuals)  #p.value < 0.05 SO WE DONT HAVE 

NORMALITY IN THE RESIDUALS 

cvm.test(simpleregred$residuals) #p.value < 0.05 SO WE DONT HAVE 

NORMALITY IN THE RESIDUALS 

ks.test(simpleregred$residuals,"pnorm", mean(simpleregred$residuals), 

sd(simpleregred$residuals) ) #p.value < 0.05 SO WE DONT HAVE 

NORMALITY IN THE RESIDUALS 

res.student <- rstudent(simpleregred) 

res.student 

plot(res.student,pch= 15, cex= .5,ylab = "Studentized Residuals") 

abline(h=c(-2,0,2), lty= c(2,1,2)) 

res.standard <- rstandard(simpleregred) 

res.standard 

plot(res.standard, phc = 15, cex = .5,ylab = "Standarized Residuals") 

abline(h=c(-2,0,2), lty= c(2,1,2)) 

# (5) WE CHECK FOR AUTOCORRELATION 

durbinWatsonTest(simpleregred) #P.VALUE < 0.05 SO WE HAVE 

AUTOCORRELATION 

# WE CHECK FOR NORMALITY IN THE DEPENDENT VARIABLE 

shapiro.test(mydatasetred1$quality)#p.value < 0.05 SO THERE IS NO 

NORMALITY IN THE DEPENDENT VARIABLE 

jb.norm.test(mydatasetred1$quality) #p.value < 0.05 SO WE DONT HAVE 

NORMALITY IN THE RESIDUALS 

ad.test(mydatasetred1$quality)  #p.value < 0.05 SO WE DONT HAVE 

NORMALITY IN THE DEPENDENT VARIABLE 

cvm.test(mydatasetred1$quality) #p.value < 0.05 SO WE DONT HAVE 

NORMALITY IN THE DEPENDENT VARIABLE 

ks.test(mydatasetred1$quality,"pnorm", mean(mydatasetred1$quality), 

sd(mydatasetred1$quality) ) #p.value < 0.05 SO WE DONT HAVE NORMALITY 

IN THE DEPENDENT VARIABLE 

# WE TRANSFORM THE DEPENDENT VARIABLE AND THEN WE CHECK AGAIN FOR 

NORMALITY 

BNQuality <- bestNormalize(mydatasetred1$quality) #1st way 

BNQuality 

logquality<- log(mydatasetred1$quality) #2nd way 

qplot(logquality, geom="histogram", binwidth = 0.16,main = 

"LogQuality", 

xlab = "scores", ylab = "observations", fill=I("blue"), 

col=I("red"),alpha=I(.2),) 

shapiro.test(logquality)#p.value < 0.05 SO THERE IS NO NORMALITY IN 

THE DEPENDENT VARIABLE 

jb.norm.test(logquality) #p.value < 0.05 SO WE DONT HAVE NORMALITY IN 

THE DEPENDENT VARIABLE 

ad.test(logquality)  #p.value < 0.05 SO WE DONT HAVE NORMALITY IN THE 

DEPENDENT VARIABLE 
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cvm.test(logquality) #p.value < 0.05 SO WE DONT HAVE NORMALITY IN THE 

DEPENDENT VARIABLE 

ks.test(logquality,"pnorm", mean(logquality), sd(logquality) ) 

#p.value < 0.05 SO WE DONT HAVE NORMALITY IN THE DEPENDENT VARIABLE 

# WE GET VARIANCE, STANDARD DEVIATION AND STANDARD ERROR 

# R-->RedWine   

RVarFixedAcidity <- var(mydatasetred1$fixed.acidity) 

RVarFixedAcidity 

RVarVolatileAcidity <- var(mydatasetred1$volatile.acidity) 

RVarVolatileAcidity 

RVarCitricAcid <- var(mydatasetred1$citric.acid) 

RVarCitricAcid 

RVarResidualSugar <- var(mydatasetred1$residual.sugar) 

RVarResidualSugar 

RVarChlorides <- var(mydatasetred1$chlorides) 

RVarChlorides 

RVarFreeSulfurDioxides <- var(mydatasetred1$free.sulfur.dioxide) 

RVarFreeSulfurDioxides 

RVarTotalSulfurDioxide <- var(mydatasetred1$total.sulfur.dioxide) 

RVarTotalSulfurDioxide 

RVarDensity <- var(mydatasetred1$density) 

RVarDensity 

RVarPH <- var(mydatasetred1$pH) 

RVarPH 

RVarSulphates <- var(mydatasetred1$sulphates) 

RVarSulphates 

RVarAlcohol <- var(mydatasetred1$alcohol) 

RVarAlcohol 

RVarQuality <- var(mydatasetred1$quality) 

RVarQuality 

RSDFixedAcidity <- sd(mydatasetred1$fixed.acidity) 

RSDFixedAcidity 

RSDVolatileAcidity <- sd(mydatasetred1$volatile.acidity) 

RSDVolatileAcidity 

RSDCitriAcid <- sd(mydatasetred1$citric.acid) 

RSDCitriAcid 

RSDResidualSugar <- sd(mydatasetred1$residual.sugar) 

RSDResidualSugar 

RSDChlorides <- sd(mydatasetred1$chlorides) 

RSDChlorides 

RSDFreeSulfurDioxide <- sd(mydatasetred1$free.sulfur.dioxide) 

RSDFreeSulfurDioxide 

RSDTotalSulfurDioxide <- sd(mydatasetred1$total.sulfur.dioxide) 

RSDTotalSulfurDioxide 

RSDDensity <- sd(mydatasetred1$density) 

RSDDensity 

RSDPH <- sd(mydatasetred1$pH) 

RSDPH 

RSDSulphates <- sd(mydatasetred1$sulphates) 

RSDSulphates 

RSDAlcohol <- sd(mydatasetred1$alcohol) 

RSDAlcohol 

RSDQuality <- sd(mydatasetred1$quality) 

RSDQuality 

RSEFixedAcidity <- 

RSDFixedAcidity/sqrt(length(mydatasetred1$fixed.acidity))  

RSEFixedAcidity 

RSEVolatileAcidity <- 

RSDVolatileAcidity/sqrt(length(mydatasetred1$volatile.acidity)) 

RSEVolatileAcidity 
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RSECitricAcid <- RSDCitriAcid/sqrt(length(mydatasetred1$citric.acid)) 

RSECitricAcid 

RSEResidualSugar <- 

RSDResidualSugar/sqrt(length(mydatasetred1$residual.sugar)) 

RSEResidualSugar 

RSEChlorides <- RSDChlorides/sqrt(length(mydatasetred1$chlorides)) 

RSEChlorides 

RSEFreeSulfurDioxide <- 

RSDFreeSulfurDioxide/sqrt(length(mydatasetred1$free.sulfur.dioxide)) 

RSEFreeSulfurDioxide 

RSETotalSulfurDioxide <- 

RSDTotalSulfurDioxide/sqrt(length(mydatasetred1$total.sulfur.dioxide)

) 

RSETotalSulfurDioxide 

RSEDensity <- RSDDensity/sqrt(length(mydatasetred1$density)) 

RSEDensity 

RSEPH <- RSDPH/sqrt(length(mydatasetred1$pH)) 

RSEPH 

RSESulphates <- RSDSulphates/sqrt(length(mydatasetred1$sulphates)) 

RSESulphates 

RSEAlcohol <- RSDAlcohol/sqrt(length(mydatasetred1$alcohol)) 

RSEAlcohol 

RSEQuality <- RSDQuality/sqrt(length(mydatasetred1$quality)) 

RSEQuality 

# WE BUILT THE MULTIPLE LINEAR REGRESSION WITH EVERY SINGLE 

INDEPENDENT VARIABLE  

multilinearregred <- lm(mydatasetred1$quality ~ 

mydatasetred1$fixed.acidity+mydatasetred1$volatile.acidity+mydatasetr

ed1$citric.acid+mydatasetred1$residual.sugar+mydatasetred1$chlorides+

mydatasetred1$free.sulfur.dioxide+mydatasetred1$total.sulfur.dioxide+

mydatasetred1$density+mydatasetred1$pH+mydatasetred1$sulphates+mydata

setred1$alcohol) 

summary(multilinearregred) 

# DECIDING ON IMPORTANT VARIABLES WITH FORWARD, BACKWARD AND STEPWISE 

METHODS 

# REGSUBSETS FORMULA 

planA<- regsubsets(quality~., data = mydatasetred1, nbest = 1, nvmax 

= 12, method = "forward") 

plot(planA, scale= "bic") 

summary(planA) 

coef(planA, which.min(summary(planA)$bic)) 

planB<- regsubsets(quality~., data = mydatasetred1, nbest = 1, nvmax 

= 12, method = "backward") 

plot(planB, scale= "bic") 

summary(planB) 

coef(planB, which.min(summary(planB)$bic)) 

planC<- regsubsets(quality~., data = mydatasetred1, nbest = 1, nvmax 

= 12) 

plot(planC, scale= "bic") 

summary(planC) 

coef(planC, which.min(summary(planC)$bic)) 

# WE KEEP 6 VARIABLES (VOLATILE ACIDITY, CHLORIDES, TOTAL SULFUR 

DIOXIDE, PH, SULPHATES, ALCOHOL) 

# STEP FORMULA 

FitAll <- lm(quality~., data=mydatasetred1) 

FitStart <- lm(quality~1, data=mydatasetred1) 

step(FitStart, direction="forward", scope=formula(FitAll)) #forward 

step(FitAll, direction= "backward", trace=F) #backward 

step(FitStart, direction="both", scope = formula(FitAll)) #stepwise 

# FINAL REGRESSIONS 
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finmultilinearregred<- lm(mydatasetred1$quality ~ 

mydatasetred1$volatile.acidity+mydatasetred1$chlorides+mydatasetred1$

total.sulfur.dioxide+mydatasetred1$pH+mydatasetred1$sulphates+mydatas

etred1$alcohol) 

summary(finmultilinearregred) 

# WE CHECK FOR THE MULTIPLE REGRESSION ASSUMPTIONS 

# No1 WE CHECK FOR MULTICOLLINEARITY IN THE FINAL REGRESSION 

vif(finmultilinearregred) 

# No2 WE CHECK FOR NORMALITY IN THE RESIDUALS OF THE FINAL REGRESSION 

par(mfrow =c(1,1)) 

qplot(finmultilinearregred$residuals, geom="histogram", binwidth = 

0.2,main = "Residuals", 

xlab = "scores",fill=I("blue"), col=I("red"),alpha=I(.2),) 

boxplot(finmultilinearregred$residuals, main = "residuals", 

horizontal = T,  xlab= "observations", col = c("red") ) 

boxplot.stats(finmultilinearregred$residuals) 

qqnorm(finmultilinearregred$residuals) 

qqline(finmultilinearregred$residuals) 

shapiro.test(finmultilinearregred$residuals) #p.value < 0.05 SO WE 

DONT HAVE NORMALITY IN THE RESIDUALS 

jb.norm.test(finmultilinearregred$residuals) #p.value < 0.05 SO WE 

DONT HAVE NORMALITY IN THE RESIDUALS 

ad.test(finmultilinearregred$residuals)  #p.value < 0.05 SO WE DONT 

HAVE NORMALITY IN THE RESIDUALS 

cvm.test(finmultilinearregred$residuals) #p.value < 0.05 SO WE DONT 

HAVE NORMALITY IN THE RESIDUALS 

ks.test(finmultilinearregred$residuals,"pnorm", 

mean(finmultilinearregred$residuals), 

sd(finmultilinearregred$residuals) ) #p.value < 0.05 SO WE DONT HAVE 

NORMALITY IN THE RESIDUALS 

res.student <- rstudent(finmultilinearregred) 

res.student 

plot(res.student,pch= 15, cex= .5,ylab = "Studentized Residuals") 

abline(h=c(-2,0,2), lty= c(2,1,2)) 

res.standard <- rstandard(finmultilinearregred) 

res.standard 

plot(res.standard, phc = 15, cex = .5,ylab = "Standarized Residuals") 

abline(h=c(-2,0,2), lty= c(2,1,2)) 

# No3 WE CHECK FOR HETEROSCEDASTICITY IN THE RESIDUALS OF THE FINAL 

REGRESSION 

bptest(finmultilinearregred)#P.VALUE < 0.05 SO WE HAVE 

HETEROSKEDASTICITY 

# No4 WE CHECK FOR LINEARITY 

plot(finmultilinearregred$residuals,main = "Multiple Regression 

Residuals") 

# No5 WE CHECK FOR CORRELATION BETWEEN X VARIABLES AND THE RESIDUALS 

cor.test(mydatasetred1$alcohol, finmultilinearregred$residuals) 

cor.test(mydatasetred1$volatile.acidity, 

finmultilinearregred$residuals) 

cor.test(mydatasetred1$chlorides, finmultilinearregred$residuals) 

cor.test(mydatasetred1$total.sulfur.dioxide, 

finmultilinearregred$residuals) 

cor.test(mydatasetred1$pH, finmultilinearregred$residuals) 

cor.test(mydatasetred1$sulphates, finmultilinearregred$residuals) 

# (6) WE CHECK FOR AUTOCORRELATION 

durbinWatsonTest(multilinearregred) #P.VALUE < 0.05 SO WE HAVE 

AUTOCORRELATION 

# WE CREATE TRAINING AND TESTING SET 

# SETTING SEED TO REPRODUCE RESULTS OF RANDOM SAMPLING  

set.seed(123) 
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# ROW INDICES FOR TRAINING DATA (70%-30%) 

trainingRowIndexred<- sample(1:nrow(mydatasetred1), 

0.7*nrow(mydatasetred1)) 

training.setred <- mydatasetred1[trainingRowIndexred, ]  

testing.setred  <- mydatasetred1[-trainingRowIndexred, ] 

# PREDICTION METRICS 

multi_regred <- lm(training.setred$quality ~ 

training.setred$volatile.acidity+training.setred$chlorides+training.s

etred$total.sulfur.dioxide+training.setred$pH+training.setred$sulphat

es+training.setred$alcohol, data = training.setred) 

summary(multi_regred) 

predicted_valuered <- predict(multi_regred , newdata = 

testing.setred) 

predicted_valuered 

# ML metrics 

# RMSE 

RMSE(predicted_valuered, testing.setred$quality) 

# MAE 

MAE(predicted_valuered, testing.setred$quality) 

# MAPE 

MAPE(predicted_valuered, testing.setred$quality) 

# MSE 

MSE(testing.setred$quality, predicted_valuered) 

# MIN - MAX ACCURACY 

dist_predred <- predict(multi_regred , testing.setred) 

actuals_predsred <- data.frame(cbind(actuals=testing.setred$quality , 

predicteds=dist_predred)) 

min_max_accuracyred <- 

mean(apply(actuals_predsred,1,min)/apply(actuals_predsred,1,max)) 

min_max_accuracyred 

# CROSS-VALIDATION (10 FOLD) 

set.seed(123) 

model<- train(quality~., data = mydatasetred1, method = "lm", 

trControl = trainControl(method = "cv", number = 10, verboseIter = 

TRUE)) 

model 

 

Ridge Regression Red Dataset 
 

# WE DOWNLOAD THE APPROPRIATE PACKAGES 

install.packages("glmnet") 

install.packages("ISLR") 

library(ISLR) 

library(glmnet) 

install.packages("DMwR") 

library(DMwR) 

# WE IMPORT THE DATASETS 

mydatasetred1 <- read.csv("winequality-red.csv", sep = ";", dec = 

".", header = T) 

summary(mydatasetred1) 

View(mydatasetred1) 

str(mydatasetred1) 

# WE CREATE RIDGE REGRESSION (WARNINR: IN RIDGE REGRESSION WE DO NOT 

CHECK FOR STATISTICALLY SIGNIFICANT VARIABLES IN ORDER TO CREATE THE 

REGRESSION LINE. RIDGE CONTAINS EVERY SINGLE INDEPENDENT VARIABLE 

THAT EXISTS IN THE DATASET) 

x<-model.matrix(quality~.,mydatasetred1)[,-1] 

y<-na.omit(mydatasetred1$quality) 
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grid<-10^ seq(10,-2, length=100) # we create a sequence for the 

lambda that we are going to use (ranging from a lambda = 10^10 to a 

lambda = 10^-2) 

ridge.mod<-glmnet(x,y,alpha = 0,lambda = grid) # alpha=0 (ridge) 

ridge.mod 

predict(ridge.mod,s=50,type = "coefficients")[1:12,] # we take the 

coef if we use a lambda=50 for example(this is not mandatory) 

# WE CREATE TRAINING AND TESTING SET 

set.seed(1) 

train<-sample(1:nrow(x),nrow(x)/2) 

test<-(-train) 

y.test<-y[test] 

# WE FIND OUT WHICH IS THE BEST LAMBDA FOR OUR REGRESSION WITH CROSS-

VALIDATION 

set.seed(1) 

cv.out<-cv.glmnet(x[train,],y[train],alpha=0) 

plot(cv.out) 

bestlambda<-cv.out$lambda.min 

bestlambda #the bestlambdafor our model is lambda=0.7940699 

# WE PREDICT AGAIN ON THE TESTING SET (WITH THE BEST LAMBDA) AND WE 

GET THE PREDICTION METRICS 

ridge.pred<-predict(ridge.mod,s=bestlambda,newx = x[test,]) 

mean((ridge.pred-y.test)^2) #this is our MSE 

regr.eval(trues = y.test, preds = ridge.pred) 

# FINALLY WE RUN AGAIN THE REGRESSION WITH THE WHOLE DATASET AND THE 

BEST LAMBDA AND WE HAVE ITS COEFFICIENTS 

out=glmnet(x,y,alpha = 0) 

ridge.coef<-predict(out,type = "coefficients",s=bestlambda)[1:12,] 

ridge.coef 

 

Lasso Regression Red Dataset 
 

# WE DOWNLOAD THE APPROPRIATE PACKAGES 

install.packages("glmnet") 

install.packages("ISLR") 

library(ISLR) 

library(glmnet) 

install.packages("DMwR") 

library(DMwR) 

# WE IMPORT THE DATASETS 

mydatasetred1 <- read.csv("winequality-red.csv", sep = ";", dec = 

".", header = T) 

summary(mydatasetred1) 

View(mydatasetred1) 

str(mydatasetred1) 

# WE CREATE LASSO REGRESSION (WARNINR: IN LASSO REGRESSION WE DO NOT 

CHECK FOR STATISTICALLY SIGNIFICANT VARIABLES IN ORDER TO CREATE THE 

REGRESSION LINE. LASSO CONTAINS EVERY SINGLE INDEPENDENT VARIABLE 

THAT EXISTS IN THE DATASET) 

x<-model.matrix(quality~.,mydatasetred1)[,-1] 

y<-na.omit(mydatasetred1$quality) 

grid<-10^ seq(10,-2, length=100) # we create a sequence for the 

lambda that we are going to use (ranging from a lambda = 10^10 to a 

lambda = 10^-2) 

lasso.mod<-glmnet(x,y,alpha = 1,lambda = grid) # alpha=1 (lasso) 

lasso.mod 

plot(lasso.mod, xlab = "λ") 

legend("bottomleft", lwd = 1, col = 1:11, legend = colnames(x), cex = 

.3) 
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# WE CREATE TRAINING AND TESTING SET 

set.seed(1) 

train<-sample(1:nrow(x),nrow(x)/2) 

test<-(-train) 

y.test<-y[test] 

# WE FIND OUT WHICH IS THE BEST LAMBDA FOR OUR REGRESSION WITH CROSS-

VALIDATION 

set.seed(1) 

cv.out<-cv.glmnet(x[train,],y[train],alpha=1) 

plot(cv.out) 

bestlambda<-cv.out$lambda.min 

bestlambda #the best lambda for our model is lambda=0.01921751 

# WE PREDICT ON THE TESTING SET (WITH THE BEST LAMBDA) 

lasso.pred<-predict(lasso.mod,s=bestlambda,newx=x[test,]) 

mean((lasso.pred-y.test)^2) #this is our MSE  

regr.eval(trues = y.test, preds = lasso.pred) #here we have all the 

metrics 

# FINALLY WE RUN AGAIN THE REGRESSION WITH THE WHOLE DATASET AND THE 

BEST LAMBDA AND WE HAVE ITS COEFFICIENTS 

out=glmnet(x,y,alpha = 1,lambda=grid) 

lasso.coef<-predict(out,type = "coefficients",s=bestlambda)[1:12,] 

lasso.coef 

lasso.coef[lasso.coef!=0] 

 

Polynomial Regression Red Dataset 
 

# WE DOWNLOAD THE APPROPRIATE PACKAGES 

install.packages("MLmetrics") 

library(MLmetrics) 

# WE IMPORT THE DATASETS 

mydatasetred1 <- read.csv("winequality-red.csv", sep = ";", dec = 

".", header = T) 

summary(mydatasetred1) 

View(mydatasetred1) 

str(mydatasetred1) 

# WE BUILD THE SIMPLE REGRESSION AND THEN WE BUILD FOUR DIFFERENT 

POLYNOMIAL REGRESSIONS 

fit<- lm(mydatasetred1$quality ~ mydatasetred1$alcohol) 

plot(mydatasetred1$quality ~ mydatasetred1$alcohol, 

main="Quality~Alcohol", xlab="Alcohol", ylab="Quality") 

abline(fit, col="red") 

fit2 <- lm(mydatasetred1$quality ~ mydatasetred1$alcohol + 

I(mydatasetred1$alcohol^2)) 

fit3 <- lm(mydatasetred1$quality ~ mydatasetred1$alcohol + 

I(mydatasetred1$alcohol^2) +I(mydatasetred1$alcohol^3)) 

fit4 <- lm(mydatasetred1$quality ~ mydatasetred1$alcohol + 

I(mydatasetred1$alcohol^2) +I(mydatasetred1$alcohol^3) + 

I(mydatasetred1$alcohol^4)) 

fit5 <- lm(mydatasetred1$quality ~ mydatasetred1$alcohol + 

I(mydatasetred1$alcohol^2) +I(mydatasetred1$alcohol^3) + 

I(mydatasetred1$alcohol^4) + I(mydatasetred1$alcohol^5)) 

summary(fit) 

summary(fit2) 

summary(fit3) 

summary(fit4) 

summary(fit5) 

# WE FIND OUT WHICH IS THE MOST APPROPRIATE DEGREE FOR OUR REGRESSION 

anova(fit, fit2, fit3, fit4, fit5) #fit3 is the best form of 

polynomial for our analysis 
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# WE ADD THE POLYNOMIAL REGRESSION (FIT3) INTO THE PREVIOUS PLOT 

lines(smooth.spline(mydatasetred1$alcohol, predict(fit3)), 

col="blue", lwd=3) 

# WE CREATE TRAINING AND TESTING SET 

# SETTING SEED TO REPRODUCE RESULTS OF RANDOM SAMPLING  

set.seed(123) 

# ROW INDICES FOR TRAINING DATA (70%-30%) 

trainingRowIndexred<- sample(1:nrow(mydatasetred1), 

0.7*nrow(mydatasetred1)) 

training.setred <- mydatasetred1[trainingRowIndexred, ]  

testing.setred  <- mydatasetred1[-trainingRowIndexred, ] 

# PREDICTION METRICS 

fit3.prediction <- lm(training.setred$quality ~ 

training.setred$alcohol + I(training.setred$alcohol^2) 

+I(training.setred$alcohol^3)) 

predicted_valuered <- predict(fit3.prediction , newdata = 

testing.setred) 

predicted_valuered 

# RMSE 

RMSE(predicted_valuered, testing.setred$quality) 

# MAE 

MAE(predicted_valuered, testing.setred$quality) 

# MAPE 

MAPE(predicted_valuered, testing.setred$quality) 

# MSE 

MSE(testing.setred$quality, predicted_valuered) 

# MIN - MAX ACCURACY 

dist_predred <- predict(fit3.prediction , testing.setred) 

actuals_predsred <- data.frame(cbind(actuals=testing.setred$quality , 

predicteds=dist_predred)) 

min_max_accuracyred <- 

mean(apply(actuals_predsred,1,min)/apply(actuals_predsred,1,max)) 

min_max_accuracyred 

 

Logistic Regression Red Dataset 
 

# WE DOWNLOAD THE APPROPRIATE PACKAGES 

install.packages("tidyverse") 

library(tidyverse) 

# WE IMPORT THE DATASETS 

mydatasetred1 <- read.csv("winequality-red.csv", sep = ";", dec = 

".", header = T) 

summary(mydatasetred1) 

View(mydatasetred1) 

str(mydatasetred1) 

# WE REMOVE QUALITY 

newdataset<-mydatasetred1[ ,1:11] 

# WE CREATE A FACTOR VARIABLE FOR QUALITY 

factor.quality<-cut(mydatasetred1$quality, breaks = c(0,5,10), labels 

= c("Bad Quality", "Good Quality")) 

# WE ADD THE VARIABLE IN THE EXISTING DATASET 

newdataset<-cbind(newdataset, factor.quality) 

summary(newdataset) 

# WE CREATE THE LOGISTIC MODEL 

glm.fits<-

glm(factor.quality~newdataset$fixed.acidity+newdataset$volatile.acidi

ty+newdataset$citric.acid+newdataset$residual.sugar+newdataset$chlori

des+newdataset$free.sulfur.dioxide+newdataset$total.sulfur.dioxide+ne
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wdataset$density+newdataset$pH+newdataset$sulphates+newdataset$alcoho

l, data = newdataset, family = binomial) 

summary(glm.fits) 

coef(glm.fits) 

# PREDICTION ON THE WHOLE DATASET AND EVALUATION METRIC 

glm.probs<-predict(glm.fits, newdataset,type="response") 

glm.probs[1:10] #these are the first 10 probabilities 

glm.probs.rd <- ifelse(glm.probs > 0.5, 1, 0) 

table(glm.probs.rd, newdataset[,12]) 

accuracy<- table(glm.probs.rd, newdataset[,12]) 

sum(diag(accuracy))/sum(accuracy) 

# WE CREATE TRAINING AND TESTING SET 

# SETTING SEED TO REPRODUCE RESULTS OF RANDOM SAMPLING  

set.seed(123) 

# ROW INDICES FOR TRAINING DATA (70%-30%) 

data2 = sort(sample(nrow(newdataset), nrow(newdataset)*.7)) 

train<- newdataset[data2,] 

test<- newdataset[-data2,] 

dim(train) 

dim(test) 

# PREDICTION ON TESTING SET AND EVALUATION METRIC 

glm.fits2 <- glm(factor.quality ~., data = train, family = 

binomial(link = "logit")) 

glm.probs2 <- predict(glm.fits2, test, type="response") 

glm.probs2[1:10] #these are the first 10 probabilities 

glm.probs2.rd <- ifelse(glm.probs2 > 0.5, 1, 0) 

table(glm.probs2.rd, test[,12]) 

accuracy<- table(glm.probs2.rd, test[,12]) 

sum(diag(accuracy))/sum(accuracy) 

# WE BUILD AGAIN THE LOGISTIC REGRESSION, THIS TIME WITHOUT THE 

INSIGNIFICANT VARIABLES 

newdataset2 <- select(newdataset, -

one_of('fixed.acidity','citric.acid', 'residual.sugar', 

                                 'pH','density')) 

glm.fits3<-

glm(factor.quality~newdataset2$volatile.acidity+newdataset2$chlorides

+newdataset2$free.sulfur.dioxide+newdataset2$total.sulfur.dioxide+new

dataset2$sulphates+newdataset2$alcohol, data = newdataset2, family = 

binomial) 

summary(glm.fits3) 

coef(glm.fits3) 

# WE CREATE TRAINING AND TESTING SET 

# SETTING SEED TO REPRODUCE RESULTS OF RANDOM SAMPLING  

set.seed(123) 

# ROW INDICES FOR TRAINING DATA (70%-30%) 

data3 = sort(sample(nrow(newdataset2), nrow(newdataset2)*.7)) 

train2 <- newdataset2[data3,] 

test2 <- newdataset2[-data3,] 

dim(train2) 

dim(test2) 

# PREDICTION ON TESTING SET AND EVALUATION METRIC 

glm.fits4<-glm(factor.quality~., data = train2, family = binomial) 

glm.probs4<-predict(glm.fits4, test2,type="response") 

glm.probs4[1:10] #these are the first 10 probabilities 

glm.probs4.rd <- ifelse(glm.probs4 > 0.5, 1, 0) 

table(glm.probs4.rd, test2[ ,7]) 

accuracy<- table(glm.probs4.rd, test2[,7]) 

sum(diag(accuracy))/sum(accuracy) 
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Poisson Regression Red Dataset 

 
#WE DOWNLOAD THE APPROPRIATE PACKAGES 

install.packages("qcc") 

library(qcc) 

install.packages("MLmetrics") 

library(MLmetrics) 

# WE IMPORT THE DATASETS 

mydatasetred1 <- read.csv("winequality-red.csv", sep = ";", dec = 

".", header = T) 

summary(mydatasetred1) 

View(mydatasetred1) 

str(mydatasetred1) 

# WE CREATE POISSON REGRESSION 

poisson.model<-

glm(mydatasetred1$quality~mydatasetred1$fixed.acidity+mydatasetred1$v

olatile.acidity+mydatasetred1$citric.acid+mydatasetred1$residual.suga

r+mydatasetred1$chlorides+mydatasetred1$free.sulfur.dioxide+mydataset

red1$total.sulfur.dioxide+mydatasetred1$density+mydatasetred1$pH+myda

tasetred1$sulphates+mydatasetred1$alcohol, family = poisson(link = 

"log")) 

summary(poisson.model) 

coef<-round(coef(poisson.model),3) 

coef #but in this form our coefficients are in log formation 

round(exp(coef(poisson.model)),3) #with this function we interpret 

the regression coefficients in the original scale of the dependent 

variable (not in the log one) 

# WE THROW AWAY THE INSIGNIFICANT INDEPENDENT VARIABLES 

poisson.model<-

glm(mydatasetred1$quality~mydatasetred1$fixed.acidity+mydatasetred1$v

olatile.acidity+mydatasetred1$citric.acid+mydatasetred1$residual.suga

r+mydatasetred1$chlorides+mydatasetred1$free.sulfur.dioxide+mydataset

red1$total.sulfur.dioxide+mydatasetred1$pH+mydatasetred1$sulphates+my

datasetred1$alcohol, family = poisson(link = "log")) 

summary(poisson.model) 

poisson.model<-

glm(mydatasetred1$quality~mydatasetred1$volatile.acidity+mydatasetred

1$citric.acid+mydatasetred1$residual.sugar+mydatasetred1$chlorides+my

datasetred1$free.sulfur.dioxide+mydatasetred1$total.sulfur.dioxide+my

datasetred1$pH+mydatasetred1$sulphates+mydatasetred1$alcohol, family 

= poisson(link = "log")) 

summary(poisson.model) 

poisson.model<-

glm(mydatasetred1$quality~mydatasetred1$volatile.acidity+mydatasetred

1$citric.acid+mydatasetred1$chlorides+mydatasetred1$free.sulfur.dioxi

de+mydatasetred1$total.sulfur.dioxide+mydatasetred1$pH+mydatasetred1$

sulphates+mydatasetred1$alcohol, family = poisson(link = "log")) 

summary(poisson.model) 

poisson.model<-

glm(mydatasetred1$quality~mydatasetred1$volatile.acidity+mydatasetred

1$chlorides+mydatasetred1$free.sulfur.dioxide+mydatasetred1$total.sul

fur.dioxide+mydatasetred1$pH+mydatasetred1$sulphates+mydatasetred1$al

cohol, family = poisson(link = "log")) 

summary(poisson.model) 

poisson.model<-

glm(mydatasetred1$quality~mydatasetred1$volatile.acidity+mydatasetred

1$chlorides+mydatasetred1$total.sulfur.dioxide+mydatasetred1$pH+mydat

asetred1$sulphates+mydatasetred1$alcohol, family = poisson(link = 

"log")) 
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summary(poisson.model) 

poisson.model<-

glm(mydatasetred1$quality~mydatasetred1$volatile.acidity+mydatasetred

1$chlorides+mydatasetred1$free.sulfur.dioxide+mydatasetred1$total.sul

fur.dioxide+mydatasetred1$sulphates+mydatasetred1$alcohol, family = 

poisson(link = "log")) 

summary(poisson.model) 

poisson.model<-

glm(mydatasetred1$quality~mydatasetred1$volatile.acidity+mydatasetred

1$chlorides+mydatasetred1$total.sulfur.dioxide+mydatasetred1$pH+mydat

asetred1$sulphates+mydatasetred1$alcohol, family = poisson(link = 

"log")) 

summary(poisson.model) 

poisson.model<-

glm(mydatasetred1$quality~mydatasetred1$volatile.acidity+mydatasetred

1$chlorides+mydatasetred1$total.sulfur.dioxide+mydatasetred1$sulphate

s+mydatasetred1$alcohol, family = poisson(link = "log")) 

summary(poisson.model) 

poisson.model<-

glm(mydatasetred1$quality~mydatasetred1$volatile.acidity+mydatasetred

1$total.sulfur.dioxide+mydatasetred1$sulphates+mydatasetred1$alcohol, 

family = poisson(link = "log")) 

summary(poisson.model) 

poisson.model<-

glm(mydatasetred1$quality~mydatasetred1$volatile.acidity+mydatasetred

1$sulphates+mydatasetred1$alcohol, family = poisson(link = "log")) 

summary(poisson.model) 

poisson.model<-

glm(mydatasetred1$quality~mydatasetred1$volatile.acidity+mydatasetred

1$alcohol, family = poisson(link = "log")) 

summary(poisson.model) 

# WE KEEP TWO VARIABLES (VOLATILE ACIDITY AND ALCOHOL) 

# WE CREATE POISSON REGRESSION (THIS TIME WITHOUT THE INSIGNIFICANT 

VARIABLES) 

poisson.model2<-

glm(mydatasetred1$quality~mydatasetred1$volatile.acidity+mydatasetred

1$alcohol, family = poisson(link = "log")) 

summary(poisson.model2) 

coef<-round(coef(poisson.model2),3) 

coef #but in this form our coefficients are in log formation 

round(exp(coef(poisson.model2)),3) #with this function we interpret 

the regression coefficients in the original scale of the dependent 

variable (not in the log one) 

# WE SHOULD CHECK FOR OVERDISPERSION (IT OCCURS IN POISSON REGRESSION 

BECAUSE THE VARIANCE AND MEANS ARE EQUAL) 

qcc.overdispersion.test(mydatasetred1$quality, type = "poisson") 

#P.VALUE>0.05 SO THERE IS NO OVERDISPERSION WHICH IS GOOD 

# WE CREATE TRAINING AND TESTING SET 

# SETTING SEED TO REPRODUCE RESULTS OF RANDOM SAMPLING  

set.seed(123) 

# ROW INDICES FOR TRAINING DATA (70%-30%) 

trainingRowIndexred<- sample(1:nrow(mydatasetred1), 

0.7*nrow(mydatasetred1)) 

training.setred <- mydatasetred1[trainingRowIndexred, ]  

testing.setred  <- mydatasetred1[-trainingRowIndexred, ] 

# PREDICTION ON TESTING SET AND EVALUATION METRIC 

poisson.model3<-

glm(training.setred$quality~training.setred$volatile.acidity+training

.setred$alcohol, family = poisson(link = "log")) 

summary(poisson.model3) 
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predicted_valuered <- predict(poisson.model3 , newdata = 

testing.setred) 

predicted_valuered 

# ML metrics 

#RMSE 

RMSE(predicted_valuered, testing.setred$quality) 

# MAE 

MAE(predicted_valuered, testing.setred$quality) 

# MAPE 

MAPE(predicted_valuered, testing.setred$quality) 

# MSE 

MSE(testing.setred$quality, predicted_valuered) 

# MIN - MAX ACCURACY 

dist_predred <- predict(poisson.model3 , testing.setred) 

actuals_predsred <- data.frame(cbind(actuals=testing.setred$quality , 

predicteds=dist_predred)) 

min_max_accuracyred <- 

mean(apply(actuals_predsred,1,min)/apply(actuals_predsred,1,max)) 

min_max_accuracyred 

 

Decision Tree Regression Red Dataset 

 
# WE DOWNLOAD THE APPROPRIATE PACKAGES 

install.packages("rpart.plot")  

library(rpart.plot) 

install.packages("rpart") 

library(rpart) 

# WE IMPORT THE DATASETS 

mydatasetred1 <- read.csv("winequality-red.csv", sep = ";", dec = 

".", header = T) 

summary(mydatasetred1) 

View(mydatasetred1) 

str(mydatasetred1) 

# WE REMOVE QUALITY 

newdataset<-mydatasetred1[ ,1:11] 

# WE CREATE A FACTOR VARIABLE FOR QUALITY 

factor.quality<-cut(mydatasetred1$quality, breaks = c(0,5,10), labels 

= c("Bad Quality", "Good Quality")) 

# WE ADD THE VARIABLE IN THE EXISTING DATASET 

newdataset<-cbind(newdataset, factor.quality) 

summary(newdataset) 

# WE SHUFFLE THE DATASET 

shuffle_index <- sample(1:nrow(newdataset)) 

head(shuffle_index) 

# WE CREATE TRAINING AND TESTING SET 

# SETTING SEED TO REPRODUCE RESULTS OF RANDOM SAMPLING  

set.seed(123) 

# ROW INDICES FOR TRAINING DATA (70%-30%) 

data2 = sort(sample(nrow(newdataset), nrow(newdataset)*.7)) 

train<- newdataset[data2,] 

test<- newdataset[-data2,] 

dim(train) 

dim(test) 

# WE BUILD THE DECISION TREE MODEL 

fit<- rpart(factor.quality~., data = train, method = 'class') 

summary(fit) 

fitrpart.plot(fit, extra = 106) 

# PREDICTION ON TESTING SET AND EVALUATION METRIC 

predict_unseen <-predict(fit, test, type = 'class') 
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table_mat <- table(test$factor.quality, predict_unseen) 

table_mat 

accuracy_Test <- sum(diag(table_mat)) / sum(table_mat) 

print(paste('Accuracy for test', accuracy_Test)) 

 

Random Forest Regression Red Dataset 

 
# WE DOWNLOAD THE APPROPRIATE PACKAGES 

install.packages("randomForest") 

library(randomForest) 

install.packages("caret") 

library(caret) 

install.packages("e1071") 

library(e1071) 

# WE IMPORT THE DATASETS 

mydatasetred1 <- read.csv("winequality-red.csv", sep = ";", dec = 

".", header = T) 

summary(mydatasetred1) 

View(mydatasetred1) 

str(mydatasetred1) 

# WE REMOVE QUALITY 

newdataset<-mydatasetred1[ ,1:11] 

# WE CREATE A FACTOR VARIABLE FOR QUALITY 

factor.quality<-cut(mydatasetred1$quality, breaks = c(0,5,10), labels 

= c("Bad Quality", "Good Quality")) 

# WE ADD THE VARIABLE IN THE EXISTING DATASET 

newdataset<-cbind(newdataset, factor.quality) 

summary(newdataset) 

# WE CREATE TRAINING AND TESTING SET 

# SETTING SEED TO REPRODUCE RESULTS OF RANDOM SAMPLING  

set.seed(123) 

# ROW INDICES FOR TRAINING DATA (70%-30%) 

data2 = sort(sample(nrow(newdataset), nrow(newdataset)*.7)) 

train<- newdataset[data2,] 

test<- newdataset[-data2,] 

dim(train) 

dim(test) 

# TRAIN THE MODEL 

# DEFINE THE CONTROL 

trControl<- trainControl(method = "cv",number = 10,search = "grid") 

set.seed(1234) 

# RUN THE RANDOM FOREST FUNCTION IN ORDER TO FIND OUT THE BEST mtry 

THAT GIVES US THE BEST PREDICTION ACCURACY  

set.seed(1234) 

tuneGrid<- expand.grid(.mtry = c(1: 10)) 

rf_mtry <- train(factor.quality~., 

data = train, 

method = "rf", 

metric = "Accuracy", 

tuneGrid = tuneGrid, 

trControl = trControl, 

importance = TRUE, 

nodesize = 14, 

ntree = 300) 

print(rf_mtry) 

rf_mtry$bestTune$mtry 

max(rf_mtry$results$Accuracy) 

best_mtry <- rf_mtry$bestTune$mtry  

best_mtry 
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# SEARCH AND FIND OUT THE BEST MAXNODES 

store_maxnode <- list() 

tuneGrid<- expand.grid(.mtry = best_mtry) 

for (maxnodes in c(5: 15)) { 

set.seed(1234) 

  rf_maxnode <- train(factor.quality~., 

data = train, 

method = "rf", 

metric = "Accuracy", 

tuneGrid = tuneGrid, 

trControl = trControl, 

importance = TRUE, 

nodesize = 14, 

maxnodes = maxnodes, 

ntree = 300) 

  current_iteration <- toString(maxnodes) 

  store_maxnode[[current_iteration]] <- rf_maxnode 

} 

results_mtry <- resamples(store_maxnode) 

summary(results_mtry) 

# SEARCH AND FIND OUT THE BEST NTREE 

store_maxtree <- list() 

for (ntree in c(250, 300, 350, 400, 450, 500, 550, 600, 800, 1000, 

2000)) { 

set.seed(5678) 

  rf_maxtree <- train(factor.quality~., 

data = train, 

method = "rf", 

metric = "Accuracy", 

tuneGrid = tuneGrid, 

trControl = trControl, 

importance = TRUE, 

nodesize = 14, 

maxnodes = 5, 

ntree = ntree) 

key<- toString(ntree) 

  store_maxtree[[key]] <- rf_maxtree 

} 

results_tree <- resamples(store_maxtree) 

summary(results_tree) 

# WE BUILD THE MODEL WITH THE FINAL MAXNODES, NTREE AND MTRY 

fit_rf <- train(factor.quality~., 

train, 

method = "rf", 

metric = "Accuracy", 

tuneGrid = tuneGrid, 

trControl = trControl, 

importance = TRUE, 

nodesize = 14, 

ntree = 350, 

maxnodes = 5) 

# TEST AND EVALUATE THE MODEL 

prediction<-predict(fit_rf,test) 

confusionMatrix(prediction, test$factor.quality) 
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